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ABSTRACT
Wi-Fi is deemed as a promising sensing media due to its
ubiquity, yet Wi-Fi sensing is known to be confined by its
limited bandwidth that leads to insufficient range resolution.
Though sampling awider spectrummultiple times can enable
wideband sensing, its practicality is still hampered by the
need for accessing Wi-Fi firmware. In this paper, we propose
𝜇Ceiver-Fi to exploit spectrum resources for fine-granularity
Wi-Fi sensing; it relies solely on a commodity multi-link re-
ceiver. Since the channel samples from multiple links under
the same receiver can still be misaligned, we first innovate
in a comprehensive calibration process to align these sam-
ples. This is followed by a novel optimization framework
to extend effective sensing bandwidth to GHz-level using
only a few channel samples. Finally, we specifically design
a spectral representation for sensing information in order
to bridge between wideband signals and diversified down-
stream applications. Through comprehensive evaluations in
Wi-Fi pose estimation task, we demonstrate the promising
performance of 𝜇Ceiver-Fi in fine-granularity sensing.

CCS CONCEPTS
• Human-centered computing→ Ubiquitous and mo-
bile computing; • Hardware→ Signal processing sys-
tems.
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1 INTRODUCTION
Wi-Fi has undergone significant advancements over the past
decade [8, 16, 18, 25, 61, 71, 73] and has gradually become
an indispensable part of modern life [65]. The ubiquitous
presence of Wi-Fi signals drives researchers to conduct com-
prehensive examinations and studies [28, 68, 71], leveraging
it as more than just a communication tool to fully harness
this resource. Across various research directions, pervasive
sensing is widely regarded as a fundamental capability that
Wi-Fi is destined to acquire [34, 37], thanks to the availability
of channel state information (CSI) [15, 23]. As outstanding ap-
plications, localization [6, 9, 51, 76], tracking [45, 46, 54, 67],
human activity recognition [12, 21, 58, 75], vital sign detec-
tion [17, 35, 62, 72], and imaging [22, 52, 59, 63] have all
demonstrated promising results, showcasing the practical
significance of Wi-Fi sensing.
However, Wi-Fi sensing is inherently constrained by the

limited bandwidth, preventing it from achieving sufficient
resolution for fine-granularity sensing [2], as illustrated in
Figure 1 (top panel). Essentially, CSI samples acquired within
a narrow bandwidth offer very limited diversity, so they may
fail to capture subtle multipath channel variations necessary
to distinguish close subjects and/or to detect slight move-
ments [9].While narrow bandwidth severely impacts sensing
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Figure 1: Channel hopping requires firmware access,
restricting its realization on commodity devices. Fortu-
nately, multi-channel samples can be simultaneously
collected by commodity multi-link receivers.
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performance, endowing excessively wide bandwidth toWi-Fi
can be unrealistic [53], as its ubiquity forces standards to re-
strain bandwidth in order to address co-channel interference
concerns for the primary communication purpose [10]. Al-
though multiple antennas [22, 24, 72] or devices [18, 47, 54]
can partially alleviate the diversity limitation caused by nar-
rowband, the incurred high cost and cumbersome in deploy-
ment can always hinder their wide adoption.

Comparedwith othermakeshifts, fully exploiting available
spectrum resources is still the most effective solution [30, 57,
66, 69]. Since early methods [57, 66, 69] are confined by chan-
nel availability and efficiency, the latest proposals [29, 30]
adopt a fast channel hopping scheme to collect discrete chan-
nel samples and integrates them into a spectrum with im-
pressive GHz-level sensing bandwidth, as shown in Figure 1
(lower-left panel). However, the channel hopping scheme
requires firmware access, yet the increasingly closed nature
of driver designs complicates its adaptation to up-to-date net-
work interface cards (NICs). Moreover, sequential collection
of multiple channel samples limits the number of observa-
tions achievable within channel coherence time, reducing its
applicability in unstable environments. Given these limita-
tions, employing multi-link receivers to simultaneously col-
lect multiple channel samples appears to be a more plausible
approach, as demonstrated by a recent proposal [43]. Unfor-
tunately, this prototype, implemented solely on millimeter-
wave software-defined radio (SDR), does not account for
complex interference from commodity Wi-Fi chips, leaving
the feasibility of commodity multi-link receivers unexplored.
In practice, the latest commodity Wi-Fi NICs [1, 3] are

capable of connecting to multiple channels simultaneously,
providing a foundation for expanding bandwidth free of
firmware access, as shown in Figure 1 (right panel). However,
this intuitively attractive approach faces its own challenges.
Firstly, channel samples from the multi-link receiver remain
misaligned, as they experience different interference [5],
making it impossible to directly integrate them into a wide-
band signal. Secondly, even with successful integration, the
resulting bandwidth falls short of the GHz-level required for
fine-granularity sensing, as current commodity NICs are typ-
ically restricted to 2 simultaneous channel accesses across
different bands (e.g., 2.4GHz and 5GHz) [3]. Finally, since
wideband signals are employed by various general sensing
tasks, it is essential to provide general representation to en-
able adaptation across diverse applications.

To address the above challenges, we propose 𝜇Ceiver-Fi to
leverage commodity multi-link receivers for expanding the
effective bandwidth of Wi-Fi sensing. We first categorize the
interference in CSIs into time-varying, time-invariant, and
residual components and design disentanglement and cali-
bration algorithms to fully eliminate them for channel sam-
ple alignment. Building on this, we develop an optimization

model to extract frequency-independent features from clean
multi-link CSIs and use them to reconstruct the wideband
signal. To support various downstream sensing applications,
we design a spectral representation to capture subject state
information; it enables a neural network to readily bridge
the wideband signal with application-oriented data structure.
Finally, we implement a prototype of 𝜇Ceiver-Fi with the
latest commodity NICs, capable of simultaneously collect-
ing channel samples on the 2.4GHz and 5GHz bands, and
conduct comprehensive experiments to evaluate its perfor-
mance on the promising yet challenging Wi-Fi human pose
estimation task. Our main contributions are as follows:
• Wepropose 𝜇Ceiver-Fi system to achieve fine-granularity
Wi-Fi sensing with the commodity multi-link receiver.
• We develop a progressive framework to gradually dis-
entangle interference across multiple channel samples
for precise alignment.
• We build an optimization model to reconstruct wide-
band signals from two available channel samples.
• Wedesign amethod to embed subject state information
into the spectrum, providing a general representation
for diverse sensing applications.
• We implement a prototype of 𝜇Ceiver-Fi and conduct
comprehensive evaluations to demonstrate its sensing
capabilities using the human pose estimation task.

Our 𝜇Ceiver-Fi expands the effective bandwidth to realisti-
cally attain sufficient range resolution, rather than recover-
ing the complete channel from 2.4GHz to 5GHz. In other
words, the information present in the unseen frequencies
between these bands may not be fully or accurately captured.
The rest of our paper is structured as follows. Section 2

introduces the basicsWi-Fi sensingmodel and themotivation
behind 𝜇Ceiver-Fi. Section 3 presents the system design of
𝜇Ceiver-Fi. Section 4 details the prototype implementation
and experiment setup of 𝜇Ceiver-Fi. Section 5 reports the
evaluation results. Related work and discussions are outlined
in Section 6. The conclusion of our paper is in Section 7.

2 PRELIMINARY AND MOTIVATION
In this section, we first establish the basic Wi-Fi sensing
model and explain the key factors concerning fine-granularity
sensing. We then analyze the limitations of channel hop-
ping and highlight the potential of multi-link receivers for
bandwidth expansion. Finally, we discuss the challenges of
achieving fine-granularity sensing with multi-link channel
samples on commodity Wi-Fi NICs.

2.1 Wi-Fi Sensing Preliminary
Assuming a Wi-Fi system operating in a multipath scenario,
the received signal at the receiver (Rx) can be characterized
by a set of parameters (𝜏𝑘 , 𝜃𝑘 )𝑘∈[1, 𝐾 ] , where 𝜏𝑘 and 𝜃𝑘 rep-
resent the time of flight (ToF) and angle of arrival (AoA) of
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the 𝑘-th path, respectively. For a system with𝑀 subcarriers
and an Rx equipped with 𝑁 antennas arranged in a uniform
array, the CSI 𝑯 ideal ∈ C𝑁×𝑀 can be modeled as [30]:

ℎideal
𝑛,𝑚 =

∑𝐾
𝑘=1𝛼𝑛,𝑚,𝑘 · ℎ𝜏𝑚,𝑘 · ℎ

𝜃
𝑛,𝑘

=
∑𝐾
𝑘=1𝛼𝑛,𝑚,𝑘 ·e−i2𝜋 (𝑓 c±(𝑚−1) 𝑓 b )𝜏𝑘 ·e−i2𝜋 (𝑛−1)𝑑 cos(𝜃𝑘 ) 𝑓 c/c,

(1)

where 𝛼 denotes amplitude attenuation, 𝑛 and𝑚 are the an-
tenna and subcarrier indices, respectively, 𝑓 c and 𝑓 b are the
carrier frequency and subcarrier bandwidth, respectively, 𝑑
is the distance between neighboring antennas, and c denotes
the speed of light. This model indicates that CSI 𝑯 ideal fuses
both line-of-sight (LoS) and non-line-of-sight (nLoS) paths
into one matrix. In order to identify individual paths (a.k.a.
fine range resolution) out of 𝑯 ideal, one needs to have a fine
temporal resolution Δ𝜏 in measuring 𝜏𝑘 , and Δ𝜏 = 1/𝐵 im-
proves with bandwidth 𝐵 [2], highlighting the importance
of bandwidth expansion for fine-granularity Wi-Fi sensing1.
Meanwhile, in real-world scenarios, signals received by

commodity Wi-Fi NICs not only contain noise but are also
affected by various hardware-induced offsets and boundary
effects [7]. Thus, the real-world CSI 𝑯 becomes:

ℎ𝑛,𝑚 = 𝛽𝑚 · ℎideal
𝑛,𝑚 · e−i2𝜋 (𝜙D

𝑡,𝑛,𝑚+𝜙S
𝑛,𝑚) + 𝜖𝑡 , (2)

where 𝑡 denotes the index of data packet (slow-time); 𝜙D
𝑡,𝑛,𝑚

and 𝜙S
𝑛,𝑚 represent time-varying offsets with respect to 𝑡 and

time-invariant offsets with respect to subcarriers and anten-
nas, respectively. In general, the environment noise 𝜖 is inde-
pendent and identically distributed across packets. Moreover,
the boundary effect 𝛽𝑚 alters the subcarriers at both ends
of the CSI. Such complex interferences significantly affect
fine-granularity sensing, thus making bandwidth expansion
from narrow channels extremely challenging.

2.2 Channel Hopping vs. Multi-Link
A recent proposal UWB-Fi [30] employs sparse channel hop-
ping to sample CSIs across a 4.7 GHz bandwidth. To en-
hance the efficiency of channel hopping, UWB-Fi requires
NIC kernel access; yet, as chip designs become increasingly
closed [20], implementing UWB-Fi on future NICs would
need unwarranted hacking. Moreover, channel hopping re-
quires restarting the Wi-Fi NIC, introducing random initial
phase offsets that result in significantly higher interference
compared to normal operation. To demonstrate this, we col-
lect samples during channel hopping using the method de-
scribed in [30] and also perform normal sampling within
a particular channel in the same environment. Figure 2(a)
shows the unwrapped phase difference between signals from

1To highlight the role of effective sensing bandwidth, we focus on static
and quasi-static subjects in this work. For scenarios involving dynamic
movements, Doppler frequency shifts (DFS) can serve as an orthogonal
factor, which we leave for future work.
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Figure 2: Channel hopping vs. normal sampling in
terms of (a) introduced offsets and (b) sampling time.

adjacent antennas for both methods: the phase difference un-
der normal sampling remains several hundred times smaller
than that under channel hopping. Due to these random phase
offsets, the resolution achieved by Δ𝜏 via a wide bandwidth
𝐵 can be completely annihilated.

In addition, due to its sequential sampling strategy, a com-
plete observation with the channel hopping requires at least
20ms to ensure accurate sensing in typical indoor scenar-
ios [30], whereas capturing a single channel sample takes
only 1ms, as shown in Figure 2(b). This confines the number
of complete observations within channel coherence time,
posing challenges in highly unstable environments (also see
Section 5.3.5). Therefore, it is desirable to sample multiple
channels simultaneously using the same Rx of a commodity
Wi-Fi NIC, for the sake of both effectiveness and efficiency.

Fortunately, the latest multi-link receivers support simulta-
neous connections to multiple links across different bands [1,
3], so they may potentially meet the aforementioned need,
as partially demonstrated by HiSAC [43]. To validate its ben-
efits, we simulate a two-subject localization scenario. We
first consider SpotFi [25] with 40MHz single-channel CSI
sampled at the carrier frequency of 5230MHz: as shown in
Figure 3(a), the limited bandwidth fails to distinguish two
closely spaced subjects. We then switch to two 20MHz chan-
nels at carrier frequencies of 2472MHz and 5220MHz, and we
adopt HiSAC [43] to fuse the two simultaneously sampled
CSIs into a wideband observation: Figure 3(b) indicates that
significantly improved resolution enables a clear distinction
between the two subjects based on their peak values. These
experiments corroborate what have been claimed in [43]
about the benefit of exploiting multi-link receivers.
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Figure 3: Localization results for (a) simulated single
channel sample, (b) simulated multi-link channel sam-
ples, and (c) real-world multi-link channel samples.
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2.3 Presence of Residual Offsets
We obtain the aforementioned results via simulations be-
cause real-world multi-link channel samples from commod-
ity Wi-Fi NICs fail to reveal meaningful subject information,
as shown in Figure 3(c). The reason for this is two-fold. On
one hand, HiSAC [43], validated only on mmWave-SDR,
may not account for the low directivity and complex inter-
ference inherent in commodity Wi-Fi NICs. On the other
hand, HiSAC’s calibration method that aims to align the
CSIs from multiple links seems to have left an unpredictable
residual offset for each link, which in turn results in the sub-
stantial location bias shown in Figure 3(c). The issue with
residual offsets stems from HiSAC’s calibrating an estimated
LoS path length (basically a localization procedure) against
its known value: because Wi-Fi localization leverages only
phase differences (i.e., ToF estimated from subcarrier phase
differences and AoA from antenna phase differences) but
neglects absolute phase values (exhibit randomness), certain
absolute offsets shared across subcarriers and antennas are
not taken into account by the calibration, thus leading to
a residual offset e−i2𝜋Δℓ between the true CSI 𝑯 ideal

ℓ for the
ℓ-th link and 𝑯̂ℓ calibrated by HiSAC: 𝑯̂ℓ = e−i2𝜋Δℓ𝑯 ideal

ℓ .
This residual offset certainly differs across different links

due to distinct channel properties, yet its unpredictability
persists even for the same link. To demonstrate this, we
execute HiSAC’s calibration method for 50 continuous CSI
samples from the same link and visualize the resultant offset
vectors for each sample (formed by scalar offsets for respec-
tive subcarriers and antennas), using t-distributed Stochastic
Neighbor Embedding (t-SNE) [38] in Figure 4(a); the evident
randomness of the residual offset (even for the same link) is
clearly observable. This mainly stems from the insufficient
constraints considered by HiSAC’s calibration that fail to
capture Δℓ . Intuitively speaking, adding proper constraints
(as we shall do) should enable the calibrated offsets, shown
in Figure 4(b), to form compact clusters while remaining
distinctly separated from the ideal CSI phase vectors shown
in Figure 4(c), indicating consistent calibration results for the
same link ℓ . Due the major differences between SDR and com-
modityWi-Fi such as the additional interference described in
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Figure 4: Visualizationwith t-SNE. (a) Offsets calibrated
by HiSAC appear random, while (b) those calibrated
with proper constrains remain consistent, and dis-
tinctly separated from (c) ideal CSI phase components.

Eqn. (2), HiSAC still cannot be applied to commodity Wi-Fi
even with a proper calibration. Therefore, these challenges
motivate the entirely novel algorithmic design in 𝜇Ceiver-Fi
to expand the effective sensing bandwidth.

3 SYSTEM DESIGN
Our 𝜇Ceiver-Fi leverages commodity multi-link receiver to
expand the effective sensing bandwidth for Wi-Fi sensing. It
consists of three main components as illustrated in Figure 5:
• Interference Disentanglement: It clearly categorizes
interference and disentangles them progressively, aim-
ing to recover the 𝑯 ideal

ℓ .
• Bandwidth Reconstruction: An optimization approach
to extract features from multiple channel samples and
reconstruct them into a wideband signal.
• Fine-granularity Sensing Adapter: A general spectral
representation embedding subject state information
to serve as the output of neural networks, enabling
adaptability to diverse sensing tasks.

The processing pipeline starts with 𝜇Ceiver-Fi receiveing
channel samples from different channel frequencies using
the multi-link receiver. Samples are then progressively dis-
entangled to fully eliminate interferences that include, in
particular, environment noise and hardware-induced offsets,
as presented in Section 3.1. Leveraging the calibrated CSIs,
an optimization approach is exploited to extract frequency-
independent components and reconstruct them into CSIs
with GHz-level bandwidth, as discussed in Section 3.2. Fi-
nally, a deep learning model transforms the wideband signals
into spectra embedded with subject information, capable of
adapting to various sensing tasks, though only a representa-
tive task is explored in Section 3.3 and later experiments.

3.1 Interference Disentanglement
To completely disentangle interference for retrieving clean
CSI samples per link, we propose a three-step approach.
First, we adopt the low-rank matrix [50] constraint to re-
move time-varying interference. We then design a search

Hotspot Multi-Link
Receiver

Interference
Disentanglement

Bandwidth
ReconstructionAdapter...

OptimizationEmbedding

Figure 5: 𝜇Ceiver-Fi system overview.
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method with carefully crafted control parameters to elim-
inate time-invariant interference. Finally, we introduce a
subcarrier random sampling scheme to generate shuffled
subcarrier samples that aims to reintroduce the low-rank
matrix constraint for removing the residual offsets.2

3.1.1 Time-varying Interference Disentanglement. Certain
offsets, such as carrier frequency offset (CFO) and packet
detection delay (PDD), vary over time in commodity Wi-
Fi NICs. Meanwhile, the independent environmental noise
and a portion of inter-subcarrier interference exhibit varia-
tions across Wi-Fi packets. Therefore, we collectively refer to
them as time-varying interference. For ease of expression, let
𝑯 S ∈ C(2𝑁𝑀 )×𝑇 denote the matrix constructed from 𝑇 CSI
samples 𝑯 for each link, where each column corresponds
to a sample and is formed by concatenating the amplitude
and phase of the vectorized 𝑯 , and then it can be regarded
as the combination of a matrix 𝑯 S,L (containing the ideal
CSIs) and a matrix 𝑯 S,P (containing time-varying interfer-
ence): 𝑯 S = 𝑯 S,L + 𝑯 S,P, according to Eqn. (2). Our method
for disentangling time-varying interference leverages the
constraint that ideal CSIs within the channel coherence time
remain stable [55] and exhibit high correlation, which means
𝑯 S,L is low-rank, while the variations introduced by time-
varying interference are minimal and thus 𝑯 S,P can be re-
garded as a perturbation [50]. Specifically, we can represent
𝑯 S,L using an ordinary orthonormal subspace𝑫 ∈ C(2𝑁𝑀 )×Γ
and a coefficient matrix 𝜿 ∈ CΓ×𝑇 : 𝑯 S,L = 𝑫𝜿 . Thus, the re-
covery of 𝑯 S,L can be formulated as a rank minimization
problem, which is equivalent to minimizing the group spar-
sity of 𝜿 [50]:

min
𝑯 S,P,𝑫,𝜿

∥𝜿 ∥row-1+𝜆∥𝑯 S,P∥1, s.t. 𝑫𝜿 +𝑯 S,P=𝑯 S,𝑫T𝑫 = I, (3)

where ∥ · ∥row-1 represents row-1 norm [14] and 𝜆 is the
weight parameter for the perturbation matrix.

To solve this problem, we transform it into an augmented
Lagrange function:

L =∥𝜿 ∥row-1 + 𝜆∥𝑯 S,P∥1 + 𝜈
(
𝑯 S − 𝑫𝜿 − 𝑯 S,P

)
+ 𝜇∥𝑯 S − 𝑫𝜿 − 𝑯 S,P∥2𝐹 /2, s.t. 𝑫T𝑫 = I,

(4)

where 𝜇 and 𝜈 are the over-regularization parameter and
Lagrange multiplier, respectively, and ∥ · ∥𝐹 represents Frobe-
nius norm [14]. Despite being a non-convex problem, Eqn. (4)
can still be effectively solved, for example, using the alternat-
ing direction method, which iteratively updates 𝑫 , 𝜿 , 𝑯 S,P,
and 𝜈 , and exhibits strong convergence behavior in prac-
tice [50]. Moreover, its complexity scales only with the ma-
trix dimensions and rank, thereby achieving high efficiency.

2In Sections 3.1.1 and 3.1.2, we perform individual interference disentangle-
ment for each link, and in Section 3.1.3, we jointly process the CSI from the
multiple links to achieve residual offsets disentanglement.

After solving the problem, we remove 𝑯 S,P from 𝑯 S to ob-
tain 𝑯 S,L = 𝑯 S − 𝑯 S,P, and further refine 𝑯 S,L by repeating
the above process with 𝑯 S,L → 𝑯 S.

To evaluate the effectiveness of this algorithm, we collect
CSI samples with a carrier frequency of 5190MHz and a
40MHz bandwidth in an indoor environment containing 2
subjects. Figure 6(a) presents the estimation result on raw
CSIs, which fails to extract meaningful information. After dis-
entangling for time-varying interference, Figure 6(b) reveals
two distinct peaks that gradually approach the ground truth,
indicating partial interference removal. Of course, due to
remaining interference, further disentanglement is required
for accurate estimation.

3.1.2 Removing Time-invariant Interference. The CSI still
contains distortions independent of slow-time (or packets),
such as sampling frequency offset (SFO), carrier phase offset
(CPO), part of the inter-subcarrier interference, and bound-
ary effects. These distortions are collectively referred to as
time-invariant interference. Since phase variations across sub-
carriers and antennas are leveraged to perform LoS path
estimation, HiSAC [43] uses LoS path estimation to calibrate
phases (thus estimating CSIs); this, unfortunately, has been
demonstrated in Section 2.3 as ineffective for commodity
Wi-Fi due to the resultant residual offsets. To this end, we
purposely introduce random biases into the estimated CSI
while borrowing the LoS path calibration idea of HiSAC. The
consequent diversity in residual offsets can then be exploited
to remove them in the next step.
Since time-invariant interference affects CSI along sub-

carrier and antenna dimensions, we model it using two vec-
tors 𝒈ant ∈ C𝑁 and 𝒈sub ∈ C𝑀 , and each CSI sample can
be represented as 𝑯 S,L = diag(𝒈ant)𝑯̌ S,Ldiag(𝒈sub), where
𝑯 S,L ∈ C𝑁×𝑀 is the restructured matrix of a single CSI entry
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tion results across the process and (d) residual offsets.
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after removing time-varying interference, and diag(·) de-
notes the operation of constructing a diagonal matrix from a
given vector. To obtain the CSI without time-invariant inter-
ference, 𝑯̌ S,L, our method leverages the measured LoS path
(𝜏LoS, 𝜃LoS) and aims to minimize its estimation error, as

𝜀 = |𝜃LoS − 𝜃LoS |/𝜃LoS + |𝜏LoS − 𝜏LoS |/𝜏LoS, (5)

where 𝜏LoS and 𝜃LoS are ToF and AoA estimated from the
CSI using a conventional algorithm (e.g., MUSIC [49]) under
a given pair of𝑔ant and𝑔sub, respectively. Specifically, we first
initializeΨ candidate pairs, denoted asU =

{
𝑢1, · · · , 𝑢𝜓 , · · ·

}
,

where 𝑢𝜓 = {𝒈ant
𝜓

,𝒈sub
𝜓
}. In the 𝑟 -th iteration, we calculate

the estimation error for each pair. The max(Ψ−𝑟,Ψ/10) pairs
with the lowest errors are reserved in the setU while the
remaining pairs are removed. Next, we select the pair with
the smallest error, denoted by 𝜓★, and use it to update the
pairs with errors greater than 𝑐1. For all elements in the pair
pending update, the update process consists of two steps:
i) the element is randomly replaced with another element
from any other pair, and ii) the element is updated using the
corresponding element from pair 𝑢𝜓★ as

𝑔
(𝑟+1)
𝜓

=


𝑔
(𝑟 )
𝜓
(1−𝑐2)+

(
𝑔
(𝑟 )
𝜓★ + 𝑔u𝑐3

)
𝑐2, |𝑔 (𝑟+1)𝜓

| ≤ 𝑔u,

𝑔u𝑒
i∠𝑔 (𝑟+1)

𝜓 , otherwise,
(6)

where 𝑔 (𝑟 )
𝜓

denotes the element in 𝑢𝜓 for the 𝑟 -th iteration,
and 𝑔u represents the upper bound. For each iteration, pa-
rameter 𝑐2 is randomly chosen as either 0 or 1, and 𝑐1 and 𝑐3
are random coefficients within [0, 1] and [0, 1 −

√︁
𝑟/𝑅], re-

spectively, with 𝑅 being the maximum number of iterations.
We repeat the above process until the minimum error is suffi-
ciently small or the number of iterations reaches 𝑅, and then
𝑯̌ S,L is obtained by the estimated interference vectors 𝒈ant

and 𝒈sub. Essentially, our method augments the search space
by replacing and updating (interference) candidates to sub-
stantially improve the searching effectiveness and guarantee
convergence, while its computational complexity depends
on 𝑅, Ψ, 𝑁 , and 𝑀 [39]. Figure 6(c) presents the localiza-
tion results of our method; it indicates that the peak area
starts to overlap with the ground truth area, confirming the
effectiveness of removing time-invariant interference.

3.1.3 Residual Offsets Disentanglement. Since the previous
search method introduces randomly controlled parameters
(i.e., 𝑐1, 𝑐2, 𝑐3), it leaves high-diversity residual offsets in the
CSI samples. These offsets apparently vary with CSI sam-
ples, so it seems reasonable to treat them as perturbations
and disentangle them using the method described in Sec-
tion 3.1.1. However, as each residual offset is applied to the
entire CSI sample, its variation does not affect the correlation
between two arbitrary CSI samples, rendering the low-rank
constraint inapplicable. To this end, we randomly permute

Algorithm 1: Disentanglement with Shuffled Samples
Input: Channel samples containing only residual

offsets 𝑯̌ S,L.
Output: Clean CSI matrix 𝑯̃ S,L.

1 Initialization: 𝑉 = 2
∑
ℓ 𝑁𝑀ℓ , 𝑇 is the sample number,

𝑯 sf = ∅, and 𝑯 ct = ∅.
2 for 𝑣 = [1, · · · ,𝑉 ] do
3 Shuffle the packet index list [1, · · · ,𝑇 ] randomly

to generate 𝐴𝑣 ;
4 𝑯 sf (𝑣, [1, · · · ,𝑇 ]) = 𝑯̌L (𝑣, 𝐴𝑣);
5 end
6 𝑯 ct ← 𝑯̌ S,L ∪ 𝑯 sf , with indices shuffled along the

packet dimension;
7 Disentangle 𝑯 ct based on Eqn. (4);
8 Extract samples corresponding to 𝑯̌ S,L to obtain 𝑯̃ S,L.

elements corresponding to the same subcarrier across CSI
samples to perturb the correlations among residual offsets;
this does not affect the correlations between ideal CSIs be-
cause they should exhibit high consistency by default [56].
To further enhance diversity, we also concatenate the CSIs
from different links to jointly process them.

Specifically, the CSIs from different links are first concate-
nated into a single matrix 𝑯̌ S,L = [𝑯̌ S,L

1 ; · · · ; 𝑯̌ S,L
ℓ

; · · · ] ∈
C(2

∑
ℓ 𝑁𝑀ℓ )×𝑇 , where 𝑀ℓ represents the subcarrier number

of the ℓ-th link channel sample. The sample order for each
subcarrier is then shuffled to construct a matrix 𝑯 sf , which
is subsequently concatenated with the original matrix 𝑯̌ S,L

along the sample dimension in a randomized manner to
form 𝑯 ct. Finally, the method from Section 3.1.1 is applied to
process 𝑯 ct. After restoring the slow-time sequence of the
samples corresponding to original matrix, the resulting 𝑯̃ S,L

is the CSI with the interference completely removed. The
details are provided in theAlgorithm 1. To verify it, we take
50 CSI samples and compare the residual offsets before and
after disentanglement in Figure 6(d); the results demonstrate
that the residual offsets have been effectively eliminated.

3.2 Bandwidth Reconstruction
Given the well calibrated per-link CSIs (with interference
disentangled and removed), these CSIs are ready to help ex-
panding sensing bandwidth. To this end, we propose an op-
timization model that extracts frequency-independent com-
ponents from multiple channel (CSI) samples and extends
them to unseen channels. This method exploits the fact that
multi-link channel samples enable an optimization objec-
tive through mutual validation, facilitating the extraction of
frequency-independent information as the foundation for
bandwidth expansion via samples from only a few channels.
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Assuming the frequency-independent component Ξ =

𝐹 (𝑯̃ S,L
ℓ

, 𝑓 c
ℓ ), where 𝑓 c

ℓ denotes the carrier frequency of the
ℓ-th channel link, and 𝐹 is a nonlinear mapping designed
based on a modulation module [44] to remove the frequency-
dependent information from the CSI 𝑯̃ S,L

ℓ
:

𝐹

(
𝑯̃ S,L
ℓ

, 𝑓 c
ℓ

)
= ReLU

(
𝑤 ∗ 𝑯̃ S,L

ℓ
∗ 𝛾 + 𝛽

)
, (7)

where ∗ is convolution operator, 𝛾 = 𝑤𝛾e−i2𝜋
𝑓 c
ℓ
c + 𝑏𝛾 , and

𝛽 = 𝑤𝛽e−i2𝜋
𝑓 c
ℓ
c + 𝑏𝛽 . Here we leverage a simple (single layer)

neural network to model 𝐹 , where the terms 𝑤 and 𝑏 are
the weight matrix and bias to be optimized, respectively. Ξ
can then be generalized to another channel with the carrier
frequency 𝑓 c

𝚥 as: 𝑯̃ S,L
𝚥 = 𝐺 (Ξ, 𝑓 c

𝚥 ), where 𝐺 shares the same
structure as 𝐹 but operates with different parameters. Since
multiple channel samples with different carrier frequencies
mutually validate the quality of the generated samples, the
optimization problem is formulated as:

min
𝐹,𝐺

𝐿∑︁
ℓ=1

𝐿∑︁
𝚥=1




𝐺 (
𝐹

(
𝑯̃ S,L
ℓ

, 𝑓 c
ℓ

)
, 𝑓 c
𝚥

)
− 𝑯̃ S,L

𝚥




2

2
, (8)

where 𝐿 represents the number of channel links. With un-
equal bandwidths across links, the larger-bandwidth link
can be logically divided into multiple virtual links to match
the narrower one. Using gradient descent [48], 𝐹 and 𝐺 are
solved to enable the extraction of feature components and the
generation of unseen channel samples. As this optimization
objective involves taking CSI difference across two links, in-
putting misaligned CSI samples (i.e., without the calibration
in Section 3.1) would severely deviate the solution.

Although the above model can theoretically generate arbi-
trary unseen channel samples, the extracted Ξ components
of different links inevitably contain errors in practice. There-
fore, we generate CSIs only between the available channel
samples and fine-tune them using additional generated over-
lapping CSIs. Specifically, for each pair of available channel
samples, the Ξ components extracted from each are used to
generate CSIs between them, extending toward each other
until the bandwidth of the overlapping region exceeds 1/3 of
the gap bandwidth. The phase and magnitude of both groups
of generated CSIs are then adjusted based on the overlapping
regions [66, 69] to ensure a smooth connection, yielding the
bandwidth reconstruction result. Additionally, since recon-
structing GHz-level bandwidth would involve thousands of
subcarriers [1], spline interpolation is applied to combine
multiple subcarriers, reducing the data size and alleviating
computation burdens on downstream sensing applications.

In Figure 7(a), we present the localization results achieved
by 𝜇Ceiver-Fi with two channels at 2452MHz and 5190MHz
and a bandwidth of 40MHz for each. Compared with Fig-
ure 6(c), the results clearly show that the two subjects are
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(a) Our algorithm.
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(b) HiSAC.

Figure 7: Comparing differently reconstructed CSIs.

successfully distinguished, confirming the high resolution
and further validating the excellent alignment of channel
samples. Furthermore, Figure 7(b) shows the results obtained
by HiSAC’s compressed sensing algorithm [43] upon our
cleansed channel samples; the evident ambiguity in the esti-
mated locations highlights the superiority of 𝜇Ceiver-Fi in
bandwith expansion on commodity multi-link Wi-Fi.

3.3 Fine-Granularity Sensing Adapter
In this section, we propose a spectral representation for
downstream tasks; it is extracted through a neural network
that employs a model-based learning strategy exploiting the
spectral representation. We then demonstrate its adaptability
using the challenging task of Wi-Fi human pose estimation.

3.3.1 Sensing Spectrum Design. To enable ubiquitous sens-
ing, it is imperative to convert CSI samples containing fine-
granularity subject information into a general representation.
As explicit functions can hardly realize this conversation,
we resort to a neural network for this purpose. Thanks to
the model-based learning framework proposed in [30], we
may leverage a similar network design (or other designs for
regression tasks) and the corresponding training strategy;
we thus focus to the design of a spectral representation as
both network output and training labels.
We consider a 3D continuous spectrum represented as

three 2D spectra (similar to the “channel” concept in deep
learning [60]), where each 2D spectrum is defined by two
“location” parameters (𝑥,𝑦) and an amplitude ℵ𝑥,𝑦 to rep-
resent a certain state (e.g., likelihood, strength, speed, or
even shape). As this data structure acts as the network out-
put, it should handle the bias-variance dilemma [40] inher-
ent to statistical inference. Consequently, state information
concerning the 𝑝-th subject should be characterized via a
region centered around (𝑥𝑝 , 𝑦𝑝 ,ℵ𝑥,𝑦𝑝 ), rather than concentrat-
ing only to (𝑥𝑝 , 𝑦𝑝 ,ℵ𝑥,𝑦𝑝 ). Moreover, as labels for model-based
training, a function should be in place to derive the ampli-
tudes of the 𝑝-th region from known physical models or data.
This function is typically defined as a variational transfor-
mation that adjusts the mathematical fuzziness based on the
Euclidean distance from the 𝑝-th subject. Taking the ToF-
AoA spectrum (in Figures 3, 6, and 7) as an example, the
person (subject) location is indicated by {𝑥,𝑦} as it is only
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a 2D spectral representation, while ℵ𝑝 can be realized by
MUSIC that transforms CSIs to ToF-AoA spectrum [30].

3.3.2 Adapter for Wi-Fi Human Pose Estimation. Since ap-
plying the spectrum to various human sensing tasks has been
fully illustrated in [30] (also in earlier figures), we hereby
focus on a more challenging task, namely Wi-Fi 3D human
pose estimation. This task serves as an ideal benchmark for
assessingWi-Fi sensing performance, as it requires both high
accuracy and resolution to distinguish multiple keypoints on
a subject. Since the sensing subjects in Wi-Fi pose estimation
are keypoints on, for example, a person [52, 59], the physical
coordinates (𝑥𝑝 , 𝑦𝑝 , 𝑧𝑝 ) of these keypoints are obtained via,
e.g., OpenPose [4], from two correlated photos. Then the
state information around (𝑥𝑝 , 𝑦𝑝 ) is given by ℵ𝑥,𝑦𝑝 as

ℵ𝑥,𝑦𝑝 = 𝑧𝑝 · ℵ̂𝑥,𝑦𝑝 + 𝜂, (9)
where 𝜂 represents Gaussian random noise; it allows the
neural network to convert CSIs with unseen variations to
different spectra [30], and ℵ̂𝑥,𝑦𝑝 is defined as

ℵ̂𝑥,𝑦𝑝 =exp
©­­«

−
(
𝑥 − 𝑥𝑝

)2

2
(
𝜎𝑥𝑝 (1 − |𝑥 − 𝑥𝑝 |)

)2 +
−
(
𝑦 − 𝑦𝑝

)2

2
(
𝜎
𝑦
𝑝 (1 − |𝑦 − 𝑦𝑝 |)

)2

ª®®¬ ,
with 𝜎𝑥𝑝 = 𝜎 · ( |𝑥𝑝 − max(𝑥) |), 𝜎𝑦𝑝 = 𝜎 · ( |𝑦𝑝 − max(𝑦) |),
and 𝜎 being the standard deviation. Similarly, we may derive
another two spectra to obtain the “three-channel” 3D spec-
trum ℵ𝑝 = {ℵ𝑥,𝑦𝑝 ,ℵ𝑦,𝑧𝑝 ,ℵ𝑥,𝑧𝑝 }. Essentially, Eqn. (9) represents
customized “perspective” projections from the 3D formation
of a subject onto three planes in the spectrum. We adopt
the widely validated keypoint definitions [4], describing the
human body by 15 keypoints: head (HD), neck (NK), left and
right shoulders (LS and RS), left and right elbows (LE and RE),
left and right wrists (LW and RW), waist (WS), left and right
hips (LH and RH), left and right knees (LK and RK), and left
and right ankles (LA and RA), as shown in Figure 8(a). Then
Figure 8(b) shows an example of the spectrum on the (𝑥,𝑦)-
plane that integrates individual subject spectra derived via
Eqn. (9) under certain states. This spectrum makes 𝜇Ceiver-
Fi superior to existing Wi-Fi pose estimation in that, besides
locating the keypoints, certain states (e.g., respiration) can
be further extracted from the spectrum [30].

(a) Human keypoint coordinates.
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(b) Spectrum.

Figure 8: Labels for theWi-Fi pose estimation network.

4 PROTOTYPE AND EXPERIMENT SETUP
We build 𝜇Ceiver-Fi prototype using an ASUS RT-BE88U [3]
hotspot and a mini PC equipped with an R7-7840H AMD
CPU and 16 GB RAM, as shown in Figure 9(a). While ASUS
RT-BE88U is capable of multi-link operation, we have no
access to CSI on IEEE 802.11be NICs [1]. We thus use two
Intel AX210 NICs [11] on the mini PC to emulate a multi-
link receiver: sharing two antennas via power splitters, they
become equivalent to a multi-link receiver built with a single
NIC. The hotspot chip currently supports simultaneous con-
nections only to the 2.4GHz and 5GHz bands; it is equipped
with four antennas, with two assigned to each band. The
mini PC streams 4K video from the hotspot to get a traffic
rate of approximately 200 packets/s, and it captures CSI sam-
ples via the PicoScenes [23]. Two cameras are employed for
human image acquisition: one positioned on the mini PC
at a 45◦ angle to the LoS path, and the other close to the
midpoint of the LoS path but perpendicular to it. The raw
CSI is then processed in MATLAB, following the procedure
outlined in Sections 3.1-3.2 to obtain wideband signals. Si-
multaneously, the ground truth images are converted into
spectrum labels, as detailed in Section 3.3, and aligned with
the CSI data based on timestamps. Since our contribution
focuses on CSI processing and label design, the validated neu-
ral network from UWB-Fi [30] is implemented in PyTorch
to transform wideband CSIs into spectra. A thresholding
technique is then applied to extract peaks from the spectra,
which are traced from two near-ground points, namely LA
and RA, to infer their corresponding keypoints based on
human body structure, thereby enabling pose estimation.

Hotspot
Splitter

PC

Multi-Link 
Receiver

(a) 𝜇Ceiver-Fi prototype.
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(b) A testing case.
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Figure 9: Photographs of (a) 𝜇Ceiver-Fi prototype and
(b) a testing scenario, and layouts of (c) rehearsal room
and (d) meeting room.
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We collect over 40 hours of CSI data from 12 (human)
subjects performing daily activities in two different scenarios
to evaluate our 𝜇Ceiver-Fi system. The subjects, consisting
of eight males and four females aged 20 to 30, have heights
ranging from 160 cm to 185 cm. The two scenarios are a
rehearsal room (RR) and a meeting room (MR). Each subject
performs a series of postures, including standing (ST), hands
up (HU), hands open (HO), pointing (PT), walking (WK),
and sitting down (SD), as shown in Figure 9(b). Subjects are
instructed to move within a range of 1.5m to 3m from the
LoS path, as shown in Figures 9(c) and 9(d). Besides, the
LoS path length is varied from 3m to 7m to cover a broad
range of scenarios. We establish simultaneous connections
on channels at 2452MHz and 5210MHz, using bandwidths of
40MHz and 80MHz, respectively. The dataset is segmented so
that CSIs within a 30ms period are deemed as one sample for
pose estimation, with multiple consecutive samples for other
sensing tasks (e.g., respiration monitoring). All experiments
strictly adhere to the IRB guidelines of our institute.

The data from one subject in the rehearsal room perform-
ing activities near a 2m distance from the LoS path, with a
LoS path length of 5m, is used as the training set for the neu-
ral network, while the remaining data are used for testing.
Furthermore, we implement experiments based on acknowl-
edged proposals [22, 47, 63, 64] for comparison. WiPose [22]
extracts the body-coordinate velocity profile (BVP) from CSI
and maps it to quaternions using a neural network for 3D
pose estimation, designated as Baseline 1. A series of ap-
proaches proposed in [47, 63, 64] primarily transform CSI
into 2D AoA spectra and employ neural networks to estimate
keypoints, referred to as Baseline 2. For a fair comparison,
both baselines are evaluated using data collected with In-
tel AX210 NICs equipped with two antennas and operating
on an 80MHz bandwidth. We refrain from comparing with
HiSAC [43] and SiWis [52] due to their distinctive hardware.

To comprehensively evaluate pose estimation performance,
average precision (AP) [33] is introduced as a similarity met-
ric alongside localization error. The APmetric is an extension
of the object keypoint similarity (OKS):

OKS =
∑
𝑝 exp(−D2

𝑝/2𝑠2Υ2
𝑝 )I(𝜐𝑝 > 0) (∑𝑝 I(𝜐𝑝 > 0))−1, (10)

whereD𝑝 represents the distance between the 𝑝-th predicted
keypoint and the ground truth. The scale factor 𝑠 is the
detection box diagonal length, Υ is a normalization factor for
different keypoints, typically treated as a constant [33], and I
denotes the indicator function, which equals 1 if the visibility
parameter 𝜐 > 0 and 0 otherwise. Then, AP is defined as:

AP = 𝑃−1∑
𝑝 I(OKS𝑝 > 𝑎), (11)

where 𝑃 denotes the total number of keypoints. The mean AP
(mAP) is obtained by averaging the AP values corresponding
to different thresholds of 𝑎, where 𝑎 = [0.5 : 0.05 : 0.95].

5 EVALUATIONS
In this section, we conduct a comprehensive evaluation of
𝜇Ceiver-Fi through Wi-Fi human pose estimation, a widely
studied yet challenging application. We begin by comparing
𝜇Ceiver-Fi with two baselinemethods in visualization quality
and overall performance, highlighting its advantages in Wi-
Fi sensing. The generalization capability of 𝜇Ceiver-Fi is
then assessed by performing respiration sensing over pose
estimation and by analyzing the impact of subject variations,
environments, and experiment parameters on results. Finally,
ablation studies are performed to validate the necessity and
effectiveness of the proposed algorithmic modules.

5.1 Visualized Comparisons
We select frames of six representative actions, as shown in
Figure 10(a), and leverage OpenPose [4] to convert them into
3D keypoint coordinates as ground truths, which are visual-
ized in Figure 10(b). The visualization results of 𝜇Ceiver-Fi
and two baselines are presented in Figure 10(c) to (e), with
different colors distinguishing keypoints complying with cor-
responding ground truths from those not. It is clear that the
results by 𝜇Ceiver-Fi accurately depict the subjects’ postures:
even with a distance of about 15cm, the keypoints HD and
NK can be clearly distinguished, indicating the GHz-level
effective sensing bandwidth. Moreover, all keypoint coor-
dinates exhibit very small error compared with the ground
truths, with only slight deviations observed along the 𝑧-axis
of the knee joint under the ST, HU, HO, and PT postures,
while barely perceptible under the WK and SD postures.

The pose estimation results of Baseline 1 shown in Fig-
ure 10(d) indicate that, while they roughly capture the sub-
jects’ actions, the keypoints exhibit significant deviations
from the ground truth, leading to noticeable distortions. Be-
yond the commonly observed leg coordinate errors, Baseline
1 also introduces deformations in the head and arms during
the ST and HU actions, highlighting its difficulty in accu-
rately identifying closely spaced keypoints. The pose estima-
tion results of Baseline 2, displayed in Figure 10(e), reveal that
distortions primarily occur in the legs and head. Although its
errors are lower than those in Baseline 1, the overall pose esti-
mation quality remains inferior to our 𝜇Ceiver-Fi. Moreover,
Baseline 2 introduces significant errors in the arm region
during the WK posture, suggesting it struggles with involun-
tary body jitter, which may degrade the quality of both CSIs
and training labels. Overall, 𝜇Ceiver-Fi outperforms both
baselines, demonstrating its advantage of the wide effective
sensing bandwidth in handling closely spaced keypoints and
adverse scenarios.

5.2 Overall Performance
We now quantitatively evaluate the overall performance of
𝜇Ceiver-Fi against baselines. The average localization error
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for all keypoints of a subject is first assessed, with the cu-
mulative distribution functions (CDFs) of 𝜇Ceiver-Fi and the
two baselines shown in Figure 11(a). 𝜇Ceiver-Fi has a median
error around 3cm, the 90th percentile error around 12cm,
and the maximum error below 20cm. In contrast, Baseline 1
yields respective values of 10cm, 38cm, and 50cm, while those
with Baseline 2 are 7cm, 26cm, and 45cm, respectively. These
results confirm that 𝜇Ceiver-Fi consistently achieves higher
keypoints localization accuracy than the other two baselines.
To further assess overall pose estimation performance, we
present the AP values for threshold values 𝑎 = [0.5, 0.7, 0.95]
and the mAP under 𝑎 = [0.5 : 0.05 : 0.95] in Figure 11(b).
Although all three methods exhibit performance degradation
as the threshold increases, 𝜇Ceiver-Fi maintains an AP > 0.8
even at 𝑎 = 0.7 and achieves the highest mAP of 0.71, clearly
demonstrating its minimal distortions.
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Figure 11: Overall performance of pose estimation.
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Figure 12: Average localization errors of each keypoint
recognized by 𝜇Ceiver-Fi, Baseline 1, and Baseline 2.

To gain deeper insight into the pose estimation details,
we analyze the average localization error for each keypoint,
as shown in Figure 12. The results reveal that 𝜇Ceiver-Fi
consistently achieves lower errors across all keypoints. A
closer examination reveals that the statistical trends in Fig-
ure 12 generally align with the visualization results in Fig-
ure 10: both baselines exhibit lower localization accuracy
for head, neck, and legs, while the torso region shows rela-
tively higher accuracy. This is mainly due to the small size
and close proximity of these keypoints, as the baselines lack
sufficient range resolution to ensure their accurate identifica-
tion. Despite slight fluctuations in leg localization accuracy,
𝜇Ceiver-Fi achieves satisfactory 3D human pose estimation
results, highlighting the benefits of its GHz-level effective
sensing bandwidth.

(b) Ground truth

(a) Scenarios

(c) μCeiver-Fi

(d) Baseline 1
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Figure 10: Human postures (from left to right) ST, HU, HO, PT, WK, SD. (a) Testing scenarios, (b) ground truth, and
Wi-Fi human pose estimation results of (c) 𝜇Ceiver-Fi, (d) Baseline 1, and (e) Baseline 2.
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(a) Slow respiration.
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(b) Fast respiration.
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(c) Irregular respiration.

Figure 13: Respiration waveforms recovered from (a)
slow, (b) fast, and (c) irregular patterns.

5.3 Generalization Evaluation
We hereby showcase the respiration sensing and analyze the
impact factors of 𝜇Ceiver-Fi using the mAP metric.

5.3.1 Respiration Sensing. Although 𝜇Ceiver-Fi significantly
surpasses the baselines in Wi-Fi pose estimation, this task
alone may not fully reflect the advantage of its GHz-level
sensing bandwidth. Therefore, we further validate a unique
capability of 𝜇Ceiver-Fi: achieving fine-granularity sensing
tasks by leveraging the spectra. When a subject takes the SD
posture, 𝜇Ceiver-Fi is able to further extract its respiration
waveforms, using several consecutive imaging frames and
focusing on the region close to the NK andWS keypoints. We
leverage MoRe-Fi [74] to recover the respiration waveform
from these frames and acquire ground truth using a NeuLog
chest strap [41]. The results show that the average respira-
tion rate error is approximately 0.1bpm. Figure 13 further
visualizes that the waveforms under slow, fast, and irregu-
lar breathing patterns are accurately recovered, with only
minor deviations occurring when the subject holds breath,
i.e. after 13s in Figure 13(c), due to the stillness of the chest
and abdomen. In fact, 𝜇Ceiver-Fi can sense hand gestures
and gaits via the same approach, i.e., using a sequence of
imaging frames but focusing on different regions.

5.3.2 Multiple Subjects. To evaluate the performance of
𝜇Ceiver-Fi in multi-person pose estimation tasks, three sub-
jects are instructed to perform different postures, as shown
in Figure 14(a). The visualized results in Figure 14(b) demon-
strate that the three subjects are clearly distinguished, and
all their keypoints are accurately localized, leading to satis-
factory pose estimation. This observation indicates that, due
to the sufficient range resolution and diversity information
provided by the large effective bandwidth, our 𝜇Ceiver-Fi is
capable of handling complex scenarios.

(a) Scenario. (b) Pose estimation result.

Figure 14: Multi-person pose estimation.
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Figure 15: Impact of (a) environment and (b) subject.

5.3.3 Environment and Subject. To assess the impact of the
environment on pose estimation, the mAP values of sub-
jects in RR and MR scenarios are examined. According to
Figure 15(a), the environment has only minor impact on
𝜇Ceiver-Fi’s pose estimation performance, with only a slight
decline observed in the clutteredMR setting filled with tables.
This robustness primarily stems from the high resolution of
𝜇Ceiver-Fi, which effectively separates the subject from the
background. The mAP values for individual subjects are then
examined in Figure 15(b), revealing only minor fluctuations.
Subject 8 achieves the highest accuracy, while Subject 10
performs slightly worse, with further analysis attributing
the discrepancy to body size differences: Subject 10 is about
20cm shorter than Subject 8. Despite this considerable varia-
tion in physique, no significant performance degradation is
observed, thus demonstrating the strong generalizability of
𝜇Ceiver-Fi across environment and subject.

5.3.4 Distance. We also examine the impact of LoS path
distance by varying it from 3m to 7m. The results shown
in Figure 16(a) indicate that LoS path distance has a minor
effect on pose estimation accuracy, with a slight improve-
ment observed at 5m compared to other cases. Further anal-
ysis suggests that excessively short distances may cause the
strong LoS path signal to overshadow subject-reflected com-
ponents, while overly long distances weaken the reflected
signal power, ultimately degrading performance. We further
study the impact of the subject’s distance to the LoS path
on Wi-Fi human pose estimation. The results in Figure 16(b)
exhibit a similar trend: being too close yields higher interfer-
ence from LoS (thus lower mAP), yet moving further reduces
the power of the reflected signals (again lowing mAP). Nev-
ertheless, the mAP values remain around 0.7, demonstrating
satisfactory performance despite the variations in distance.
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Figure 16: Impact of distance.
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Figure 17: Impact of duration and spacing.

5.3.5 Duration and Channel. To analyze the impact of ob-
servation duration on pose estimation, we obtain mAP under
durations ranging from 10ms to 60ms. The results in Fig-
ure 17(a) indicate that, while increasing the observation du-
ration enhances pose estimation performance up to around
30ms, further extending it leads to a decline in accuracy. Fur-
ther analysis reveals that the degradation is primarily due
to the excessive duration exceeding the channel coherence
time, thus reducing signal stability. The results highlight
the advantage of 𝜇Ceiver-Fi over channel hopping in captur-
ing sufficient channel samples within the shortest possible
time, as discussed in Section 2.2. To assess the impact of
the spacing between two channels on pose estimation, the
channel index in the 5GHz band is gradually adjusted to
test 5210MHz, 5290MHz, 5530MHz, and 5775MHz channels,
with the channel bandwidth fixed at 80MHz. As shown in
Figure 17(b), the pose estimation performance remains sta-
ble as the channel spacing varies, since the pose estimation
task has already acquired sufficient bandwidth, and further
increases do not provide significant advantages. To reduce
computation burden, the channel with a carrier frequency of
5210MHz is selected in our study, with the option to adjust
it for other tasks requiring higher resolution.

5.3.6 Range Resolution. Since pose estimation cannot pre-
cisely quantify range resolution, we employ two pendulums
to analyze the impact of channel spacing and bandwidth.
As shown in Figure 18(a), with the 5 GHz channel band-
width fixed at 80MHz, increasing the spacing improves the
range resolution from approximately 15cm to 13cm. This
result demonstrates the strong potential of our 𝜇Ceiver-Fi
to reconstruct a larger effective sensing bandwidth once the
6GHz band becomes available for multi-link receivers. In
addition, we fix the carrier frequency of the 5GHz channel
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Figure 18: Impact on range resolution.

around 5210MHz and vary its bandwidth. As illustrated in
Figure 18(b), the range resolution improves with increasing
channel bandwidth due to the capture of more information.

5.4 Ablation Study
To evaluate the importance of each algorithm module in our
𝜇Ceiver-Fi, pose estimation performance is analyzed after
sequentially removing them, as shown in Figure 19.

First, instead of applying the disentanglement method pro-
posed in Section 3.1, interference is calibrated solely through
HiSAC’s search algorithm [43]. Meanwhile, given that our
bandwidth reconstruction algorithm is designed to work
with the disentanglement method, this module is also re-
placed with that of HiSAC to obtain wideband CSIs, with the
corresponding pose estimation accuracy shown in red. The
results indicate a significant performance degradation, with
the median and 90th percentile localization errors around
23cm and 74cm, while the maximum error exceeds 1m and
the mAP value drops to around 0.3, which is far from usable
considering the typical body size of an adult. Further analysis
reveals that the presence of residual offsets leads to severe
distortions, while their randomness imposes significant fit-
ting pressure on the pose estimation neural network. Besides,
the bandwidth reconstruction also fails with two-channel
samples as HiSAC has access to four or five channels. These
results fully demonstrate the effectiveness of 𝜇Ceiver-Fi upon
commodity multi-link Wi-Fi devices.
The sensing adapter described in Section 3.3 is then re-

moved, and the spectral parameters used as training labels
are replaced with common 3D coordinate tuples. The corre-
sponding accuracy is represented in yellow, and the results
indicate that, although slightly surpassing the baselines due
to the wide bandwidth of input CSIs, a general decline in
performance exists compared with 𝜇Ceiver-Fi. This is attrib-
uted to the limited fitting capability of the neural network
model: directly mapping the input signals to tuples intro-
duces inevitable errors due to the bias-variance dilemma [40],
while our method mitigates this by offloading bias to regions
unrelated to the subject’s keypoints, thus preserving pose
estimation accuracy in areas of interest. More importantly,
the spectra can then be leveraged to embed state information
for serving other fine-granularity sensing tasks.
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Figure 19: Impact of algorithms in 𝜇Ceiver-Fi.
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6 RELATEDWORK AND DISCUSSION
In this section, we review recent proposals related to our
work and discuss the future development of 𝜇Ceiver-Fi.

CSI Calibration. Phase offsets and noise pose significant
challenges inWi-Fi sensing and substantially affect its perfor-
mance, thereby necessitating calibration. ArrayTrack [68] es-
timates offsets by leveraging specially designed cables, but it
cannot adapt to offset changes after a NIC restart. To enhance
practicality, SpotFi [25] uses linear regression to eliminate
offsets. Chronos [57] andWidar2.0 [46] achieve this by using
conjugates of CSI between the uplink and downlink, and be-
tween different antennas, respectively. In addition, inspired
by the monostatic configuration of FMCW radar (which elim-
inates the need for complex offset calibration), ISACoT [7]
implements a monostatic Wi-Fi system on the SDR platform
for sensing. Another common approach [13, 43] is to employ
search algorithms to determine the compensation offsets
that produce an accurate LoS path estimation. However, this
method leaves residual offsets and cannot align multiple
channel samples.
Sensing Bandwidth Expansion. Wi-Fi bandwidth expan-

sion is crucial for achieving the high resolution needed for
fine-granularity sensing. ToneTrack [69] and Splicer [66]
collect a large number of overlapping channel samples to cal-
ibrate adjacent signals for bandwidth reconstruction, while
Chronos [57] gathers continuous channel samples and pro-
cess the 0-th subcarrier for device localization. To improve
the sampling efficiency and address the issue that not all
channels are available, UWB-Fi [30] collects CSIs leverag-
ing a fast channel hopping scheme and converts discrete
channel samples into a ToF-AoA spectrum for ubiquitous
sensing. Frequency hopping is also adopted by RFind [36]
and RFChord [32] for RFIDs that require no calibration, while
HiSAC [43] collects concurrent channel samples using multi-
link mmWave SDRs. However, all these systems cannot be
readily deployed on commodity devices.

Wi-Fi Human Pose Estimation. Wi-Fi human pose estima-
tion effectively addresses privacy and low-light concerns,
emerging as a promising field. Wision [19] leverages 2D-
FFT to separate multipath reflections for 2D pose estimation
through azimuthal and elevation angles, while WiSIA [26]
combines 2D-IFFT with cGAN to achieve the same purpose.
Wifract [42] further enhances accuracy by employing care-
fully designed antenna arrays and diffraction theory to iden-
tify subject edges. In 3D pose estimation, WiPose [22] trans-
forms CSIs into 3D keypoint data via an end-to-end neu-
ral network, while GoPose [47] and Wi-Mesh [63] utilize
multiple devices to estimate the 2D AoA for human body
construction. Additionally, SiWiS [52] employs multiple di-
rectional antennas and an FPGA to build a monostatic [7]
Wi-Fi sensing system for pose estimation.

Discussions. Since the latest NICs compliant with the IEEE
802.11be standard [20] do not yet support publicly available
CSI access, we implement 𝜇Ceiver-Fi prototype using two
Intel AX210 NICs [11], providing a practical and effective
solution under current hardware constraints. These NICs uti-
lize power splitters to share common antennas, functionally
equating to the system where one NIC integrates two links
at the MAC layer. In the future, driven by the trend toward
open CSI access, we plan to conduct a comprehensive evalu-
ation on a system built with one NIC to investigate potential
unknown factors, which are expected to enhance 𝜇Ceiver-Fi
performance through better inter-module synchronization.
Moreover, although twoNICs are used, 𝜇Ceiver-Fi fundamen-
tally differs from existing multi-device systems [18, 54] by
simultaneously connecting two links operating at different
frequencies, thereby enabling bandwidth expansion. Mean-
while, 𝜇Ceiver-Fi can be further extended by deploying sev-
eral multi-link receivers, offering significant promise for fur-
ther performance enhancement. Beyond the demonstrated
tasks, 𝜇Ceiver-Fi shows strong prospects for a range of appli-
cations, including gait analysis, gesture recognition, and fall
detection. It is also expected to be further evaluated in more
adverse scenarios, such as those involving occlusions and
rich multipath environments. Last but not least, co-existing
with other co-channel communication systems [27, 31, 70]
should be handled in the future.

7 CONCLUSION
We have introduced 𝜇Ceiver-Fi, a system leveraging a com-
modity multi-link receiver to explore spectrum sources for
effective sensing bandwidth expansion. 𝜇Ceiver-Fi first em-
ploys a disentanglement algorithm to fully eliminate inter-
ference and align channel samples from different links. A
bandwidth reconstruction model is then built to transform
multiple channel samples into a wideband signal. Finally, a
general spectral representation is developed for 𝜇Ceiver-Fi
as an adapter to gain versatility across various applications.
Based on these, we have implemented 𝜇Ceiver-Fi prototype
and evaluated it in a Wi-Fi human pose estimation task.
The results evidently confirm 𝜇Ceiver-Fi’s capability in fine-
granularity sensing. The codes accompanying this paper are
available via https://github.com/DeepWiSe888/muCeiver-Fi.
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